Abstract: Nonlinear model predictive controllers based on neural networks are implemented in this paper to regulate the activated-sludge process. The simulation protocol BSM1 is used to apply the predictive controller schemes and study the closed loop process behavior in different situations. Also input-output data are gathered from the benchmark for the neural networks training. Control results under dry-weather perturbations are satisfactory when a combined NLMPC -Classic PI control system is tested. This scheme has shown the best performance when compared to a centralized NLMPC scheme, a decoupled NLMPC scheme or the classic PI system developed on the BSM1. An economic analysis indicates that the neural predictive algorithm for nitrates control improves the effluent quality while also decreasing the pumping energy consumption by optimizing the internal recirculation flowrate variations.
INTRODUCTION
The wastewater treatment plants (WWTPs) are necessary to protect the water bodies from contamination. These plants have to operate efficiently to meet the desired effluent quality. However, their operation and control is difficult due to the complex and non-linear dynamics of the system and the frequent and significant changes in the influent.
Conventional control techniques are typically used in WWTPs (Amand, 2011) , however, there are a number of applications of advanced control techniques as model predictive control (MPC). This technique address the control problem transforming it into an optimization one which makes possible to include constraints on inputs, outputs or states directly in the problem formulation to anticipate and prevent future violations. Some applications of linear MPCs to WWTPs are presented in Holenda et al (2008) and O'Brien et al (2011) . Cristea et al. (2011) and Vega et al., (2014) are applications of the non linear MPC formulation.
The nonlinear MPC (NLMPC) is advantageous because prediction model describe all relevant dynamics and cover a wider operating range. Some critical issues are the availability of an adequate model of the process and the computing effort required to solve the optimization problem.
Neural networks (NN) are compact, black-box models, that can be identified from data. Their use as non linear prediction models is interesting. The linear models are reliable in a limited operating region and, it is difficult to obtain appropriate phenomenological models for such complex multivariable processes. Thus, neural networks are interesting to be used as models for the WWTP processes and require less computing effort than the full phenomenological model. Nevertheless, few applications exploit actually a neural network within predictive control in a WWTP application. A implementation of Neural MPC on a simplified version of a WWTP can be found in Zeng et al. (2003) , where a real water treatment process for a paper mill industry is identified with NN to estimate the relationships between the removal rates of pollutants and the dosages of chemical additions.
In Goldar et al. (2014b) a multivariable Neural MPC is used for the control of the nitrates and dissolved oxygen concentration in the activated sludge process represented in the BSM1 platform (Alex et al., 2008) . The procedure to obtain the neural model is described in Goldar et al. (2014a) . This model provides an adequate prediction of the response of the process variables considered as controlled variables and constraints in the NMPC formulation.
In the activated sludge process, complex biological processes with very dissimilar time-constants take place. The oxygen in the aerobic reactors exhibits a fast dynamic response (minutes) while the response of nitrates is slower (hours to days). In Goldar et al. (2014b) the performance of the PI control scheme was superior to the Neural MPC for DO concentration control, but not for nitrate concentration. This fact was considered to propose two alternative Neural MPC schemes for the activated sludge process..
In this work, NLMPCs based on neural networks are implemented in the activated sludge process. The idea is to exploit the advantages of the neural network prediction model in the MPC formulation. It makes possible to take into account the nonlinearities of the process and allows the introduction of the process constraints in the control algorithm. Moreover, Neural Networks provide realistic models that can be easily extended to real plants applications where models are usually approximated from real data. The BSM1 simulation protocol is used to evaluate the controlled process behavior in different situations. Three schemes are proposed: a combined NLMPC -Classic PI control system, a centralized NLMPC scheme, and a decoupled NLMPC scheme. These control schemes are compared with the default PI strategy proposed in the BSM1.
The paper presents a description of the activated sludge process in section 2. The centralized predictive control scheme based on the neural network model of the plant is presented in section 3, where the plant outputs are compared to those obtained when applying a decoupled predictive scheme. In section 4 the plant under classic PI control is visited and then a combined structure including neural predictive and PI control is tested. In section 5 is presented an economics comparative with the use of all NMPC techniques. Conclusions and projections of this work are outlined finally.
THE ACTIVATED SLUDGE TREATMENT PLANT
The activated sludge process (ASP) is used for the biological organic matter and nitrogen removal in WWTPs. The BSM1 is a comprehensive simulation environment developed by working group No. 1. within COST Actions 624 and 682. The plant layout consists of two reactor units in the anoxic zone, three units in the aerobic zone and a secondary settler (see Fig.1 ) and aeration energy, AE (kWhd
) represent the operating costs.
CENTRALIZED NEURAL PREDICTIVE CONTROL SCHEME FOR ACTIVATED SLUDGE PROCESS
In the MPC the optimal control actions are calculated by solving an optimization problem where the process model is used to predict the future outputs of the plant at each time step. The NLMPC schemes proposed here, uses feed-forward neural networks trained to be the nonlinear plant model. The benchmark BSM1 is used to test these control schemes.
The Neural Networks
The model contains two feedforward neural networks (FNN) with similar structure, one to estimate each process output: S O,5 and S NO,2 (see for instance the one corresponding to S NO,2 in Fig.2 ). The manipulated variables and perturbations are introduced as inputs to the FNN along with the one and twostep delayed outputs.
Fig.2. Structure of FNN as predictive model
The multi-layered, non-recurrent net structure is chosen for such complex process because of its flexibility, and the simplicity of the training procedure when compared to recurrent networks (Lin, Jang & Shieh, 1999) . On the other hand, their excellent one-step-ahead approximation properties make possible their use in parallel configurations to estimate with appropriate accuracy the output predictions up to the Nstep ahead instants needed for the MPC.
The best suited arrangement of the input vector (number of delayed inputs and outputs) is determined during the training procedure, as well as the number of hidden neurons, and the most convenient type of node activation-functions.
Each FNN contains one hidden layer with ten neurons using hyperbolic-tangent-sigmoid transfer functions and a linear output layer. The training and validation protocols as well as the final FNNs obtained are presented in Goldar et al (2014a) , where the neural model is validated with acceptable errors for a prediction horizon N=10 and N=12, with 15 min. sampling time.
The Control Problem
In this work, the controlled variables considered for the BSM1 protocol are selected for applying a multivariable control strategy. The dissolved oxygen concentration in the last aerated reactor and the nitrates concentration at end of the anoxic zone (S O,5 and S NO,2 ) are controlled using as manipulated variables the oxygen transfer coefficient in the 2016 June 6-8, 2016 . NTNU, Trondheim, Norway last reactor (K La, 5 ) and the internal recycle flow (Q a ). The set points are chosen in order to maintain S O,5 and S NO,2 around 2 mg/l and 1 mg/l respectively. The limits imposed by the regulations over nutrients and carbonaceous compounds concentration in the effluent are shown in Alex et al (2008) .
In order to evaluate the performance of the controlled plant, part of the BSM1 dry-weather profile is used in this study to characterize the influent behavior. The disturbances considered are: the influent flow (Q in ) (Dry Weather Influent; Alex et al, 2008) , the readily biodegradable substrate concentration (S S,in ) and the ammonium concentration (S NH,in ) in the influent.The closed loop structure of the controlled activated sludge process is shown in Fig.3 .
Formulation of a centralized NMPC
The general MPC formulation consists of the on-line calculation of the future control actions (u) by solving the following optimization problem subject to constraints on inputs, predicted outputs and changes in manipulated variables. 
where: The bounds and model constraints are based on the effluent quality conditions listed in Alex et al (2008) . In the typical MPC formulation, a linear process model is used to predict the future outputs of the plant. As the NMPC proposed here uses the neural network model, its implementation requires the solution of a nonlinear optimization problem online. It involves a significant computational effort; however, it is compensated by the improvement in the operational performance that can be achieved by using a more realistic representation of the behavior of such complicated nonlinear process. For solving the NMPC optimization problem, the Optimization Toolbox of MATLAB has been used, particularly fmincon function.
Numerous simulations of the BSM1 controlled with the neural NMPC are performed studying the effect of the different tuning parameters on the control performance. The indices defined in the benchmark are used to evaluate the plant behavior, namely, the EQ, AE and PE indices. To assess the controller, traditional Integral Square Error is calculated respect to the two controlled variables (S NO,2 and S O,5 ). Also the Root-Mean-Squared Error (RMSE) is used.
Centralized Controller Tuning
A good tuning of the controller parameters is a key issue for attaining an appropriated plant response. The sampling time, prediction horizon and weight coefficients are factors affecting significantly the NMPC performance. A laborious effort has been done with the BSM1 in fine-tuning the different parameters of the predictive controller and to assess the controller performance. The control performance indices are computed based on two weeks simulations of the controlled plant operation. The evaluation of control performance in a multivariable system is a difficult task, due to the conflicting interactions between the variables.
Simulation of the controlled process
At last, the optimisation function at instant k, is: 
with sampling time: 15 min (2)
Decoupled NMPC Scheme
Opposed to the centralized scheme, a decoupled scheme regulates the two ouput variables in a separate way, as is shown in Fig.4 . As can be observed, two optimization processes take place to compute the manipulated variables, namely the oxygen transfer coefficient in the 5th reactor (K LA,5 ) to regulate the dissolved oxygen level (S O,5 ), and the internal recycle flow rate (Q a ) to regulate the nitrate level in the last anoxic compartment (S NO,2 ).
The tuning processes of these two NMPC controllers are analogous to one that was used for the centralized NMPC scheme. However, each control loop works with a different IFAC DYCOPS-CAB, 2016 June 6-8, 2016 . NTNU, Trondheim, Norway sampling time and the tuning procedure is done independently for each loop. Fig. 5 to Fig. 8 show the output variables and the manipulated variables for the centralized and the decoupled neural predictive control schemes. One can observe a better general performance of the centralized scheme which is confirmed by the control indices summarized in Table 1 . There is also very little variation on the K LA,5 manipulated variable which relates to the poor quality oxygen control observed.
The effluent Ammonia and Nitrogen concentrations are depicted in Fig. 9 and Fig. 10 along with their permitted limits (constraints values imposed on these variables). A slightly lower total amount of time in violation of the constraints is noted with the centralized scheme. 
COMPARISON WITH PI CONTROLLERS AND A COMBINED NMPC-PI SCHEME
The BSM1 system, used as a simulation benchmark in this work, also features two decoupled feedback schemes with antiwindup PI controllers to regulate nitrites-nitrates and oxygen concentrations. The tunings for each controller were proposed by Alex et al (2008) and exploited here to test the PI control system and its comparison to the NMPC scheme. The behavior of the output variables with the PI controllers is depicted in Fig.12 to Fig.15 along with the system responses to the centralized NMPC. The oxygen control with the PI shows a better performance in dissolved oxygen, nevertheless it doesn't reflect on the nitrates control, which is better achieved with the centralized NMPC. The poor nitratesnitrites concentration control for the classical PI scheme Table 2 . Fig.16 and Fig.17 contain the system performance in relation to the fulfilment of the imposed constraints on the effluent quality, which is similar for the ammonia concentration and somewhat better with the NMPC for the total nitrogen content.
Taking advantage of the NLMPC and the classical control for this process, a combined NMPC-PI scheme is proposed with the structure depicted in Fig.11 . With this hybrid scheme the good performance of the classic antiwindup PI for oxygen control is used in combination with the good disturbance rejection of NLMPC for nitrates-nitrites concentration. The parameters for NMLPC in nitrates-nitrites loop are the same as those used for the decoupled NLMPC. The simulations results examined in Fig.12 through Fig.15 and the error indices summarized in Table 2 indicate a better control quality of the combined scheme in comparison with the NLMPC and the classical PI, also for the nitrates-nitrites concentration. Note however an increased control effort on the internal recycle flow rate Qa in comparison with centralized NLMPC scheme. In WWTPs the number and the length of time of constraints violations are penalized. In Fig. 16 a similar behavior for ammonia concentration can be observed for the three schemes. Even if the PI controllers show a lower concentration, the violation time for all schemes are almost the same. Fig. 17 shows better accomplishment of the total nitrogen constraint for the proposed hybrid controller in relation with the centralized NLMPC and classic control scheme, and also this hybrid scheme can minimize the number of constraint violations and their duration. 
ECONOMICS ON THE PROCESS CONTROL
Since the wastewater treatment plants do not have an economic revenue, minimizing the operating costs becomes much more important. In Table 3 the pumping energy (PE), aeration energy (AE) and the overall effluent quality (EQ) for the different control schemes just presented are summarized.
The best results are observed for the combined scheme which shows a better effluent quality and the minimum aeration energy. However the centralized scheme is just slightly different with a smaller pumping energy consumption. Both alternatives are very interesting approaches to the control of the activated sludge process. 6. CONCLUSIONS
In this work, centralized and decoupled NLMPC strategies using neural networks model were implemented in the activated-sludge process of WWTPs, and compared with a classic PI controllers scheme. The simulation protocol BSM1 was used to gather the operating data from the process and as a benchmark to test the controllers.
The PI control strategy proved an almost perfect regulation of the oxygen concentration that did not produce however a good nitrates-nitrites control, which was better achieved with the centralized NMPC. The multivariable character of the latter for the nitrites-nitrates concentration control balances the actions taken on the manipulated variables in a way that, even with a more relaxed regulation of the dissolved oxygen content (less aeration energy consumption) the quality of the effluent is better than the one achieved with classic PI or decentralized control strategies. The joint NMPC-PI scheme combined the advantages of the centralized NMPC with the fine PI oxygen control and therefore constitutes a better alternative. This scheme has shown that the NLMPC implementation improves the denitrification process in activated sludge process in relationship to the classic control.
Moreover, the NLMPC implementation produced a decrease in pumping energy (PE) and improves the effluent quality (EQ). The joint of NLMPC and PI controllers in every loop, also improves the aeration energy (AE) for this reason a good control strategy for the activated sludge process is a mixture of nonlinear predictive control and classical control.
